This study developed a new approach for water quality network modelling to enable estimation of monochloramine residual in real drinking water distribution systems using Bentley commercial hydraulic package (Water GEMS). The approach is based on using surrogate chemical and microbiological factors that affect chloramine decay rate. The model is based on an organic character (SUVA) as chemical factor, a laboratory measure of the microbiological decay of monochloramine (Fm) as microbiological factor, initial monochloramine concentration to the network, and hydraulic retention time (HRT) of the water samples through the distribution systems. The applicability of the proposed model for estimation of monochloramine residual was tested on a large regional chloraminated water distribution system in Australia through statistical test analysis between the experimental and estimated data. It was found that the developed model can recognise the nitrified locations in studied water distribution system, and therefore this modelling approach has the potential to be used by water treatment operators as a decision support tool in order to manage chloramine disinfection.
INTRODUCTION
Chloramine is commonly used as a disinfectant instead of chlorine to meet regulations regarding formation of disinfection by-products (DBPs) in drinking water, particularly in Australia and the USA (Krasner, 2009 , Sarker et al., 2015 , Sawade et al., 2016 . The chloramine dose is crucial to ensure the water is safe to drink, but also needs to be considered based on taste and odour problems arising from use of high chloramine doses. Maintaining a chloramine residual throughout the water distribution system is important in ensuring microbiologically safe water is supplied at the customer's tap (Fitzgerald et al., 2006) . Modelling of disinfectant residual in treated water distribution systems is aimed at creating a better understanding of the effect of water quality on the disinfection consumption and can serve as a decision making tool for effective water quality control (Abdullah et al., 2009 , Gnos et al., 2013 .
In chloraminated drinking water systems, monochloramine decay occurs due to chemical and microbiological reactions (Sathasivan et al., 2005) . To manage disinfection residuals in drinking water, it is important to discriminate between chemical and microbiological decay processes. Chemical factors affecting monochloramine decay include DOM measured as dissolved organic carbon (DOC) concentration, pH, nitrite, organic nitrogen compounds, chlorine to ammonia ratio and temperature (Zhang et al., 2010 , Sathasivan et al., 2005 , Cook, 2012 . In addition, the presence of dead microbial cells and abiotic particles in water may also affect monochloramine decay. The impact of microbiological decay on monochloramine decay can be determined by the analysis of F m .
This simple strategy involves comparing monochloramine decay rates in processed (0.2 µm membrane filtered) and unprocessed samples (Sathasivan et al., 2005) . When considering the tools that operators might utilise to manage disinfection, models are potential options. Due to the complexity of the chloramine properties, surrogate parameters have been developed to predict its consumption and estimate its reactivity toward disinfection by products (DBPs) formation.
In order to simulate how chloramine behaves when it moves through the distribution system, Water Quality Network Models (WQNM) can be applied (Rossman, 1999) . WQNM for water distribution systems use information such as flow and velocity provided by hydraulic models (Alexander and Boccelli, 2010, Propato and Uber, 2004) . EPANET introduced a great enhancement in water quality modelling in the 1990s which extended water quality modelling applications for real and commercial distribution systems that can even be used nowadays (Rossman, 1999) . To develop a hydraulic model, information such as the length, the diameter, and the roughness factors of the pipes in the system, the demand, as well as other specific information regarding tanks, valves and the pumps are required. After the model is constructed, it is necessary to calibrate the model correctly such that it closely reproduces the observed behaviour in the real system (Jiang et al., 2012 , Shen and McBean, 2011 , Walski et al., 2004 . Modelling of disinfectant residual in treated water distribution systems is aimed at creating a better understanding of the effect of water quality on the disinfection consumption and can serve as a decision-making tool for effective water quality control.
The aim of this study was to develop a new WQNM for estimation of monochloramine residual based on chemical and microbiological factors that affect chloramine decay rate via nonlinear regression analysis method. The model is based on organic character and content as determined by specific UV absorbance (SUVA) which is the ratio of UV absorbance at 254nm to Dissolved Organic Carbon (DOC) concentration, microbiological decay factor (F m ) determined from laboratory chloramine decay test, initial monochloramine concentration to the network, and hydraulic retention time (HRT) of the water samples through the distribution systems. The applicability of the proposed model for estimation of chloramine residual was tested on a full scale water distribution system (Tailem Bend to Keith (TBK) water distribution system (WDS)) in Australia through statistical test analysis between the experimental and estimated data. This numerical approach for monochloramine residual estimation based on the water quality and dosing conditions can be considered as a pre-warning method to control disinfection dosing process in drinking water system. This modelling approach has the potential to be used by water treatment operators as a decision support tool in order to maintain and manage chloramine disinfection.
EXPERIMENTAL AND SIMULATION METHODS

Sampling locations
Water samples were collected at twelve different locations from the TBK WDS, Australia. TBK WDS is a long distribution system where the water is transferred up to several hundred kilometres, mostly in above ground pipes, to reach customers. Distribution system sampling sites focused on major tanks located at varying distances in the distribution system. The TBK water supply system is located approximately 80 km South East of Adelaide, Australia and extends from Tailem Bend to Keith, with branches to the Lower Lakes, Meningie and Karoonda. The water source for the TBK water supply system is the River Murray. Water drawn from the River Murray is treated at the Tailem Bend Water Treatment Plant. The TBK source water is treated by conventional treatment (coagulation / flocculation / sedimentation / filtration) followed by disinfection by UV and chloramination (Moradi et al., 2016) . The treated water is stored in a Treated Water Tank before being pumped into the system. The description of sampling sites and their abbreviations are described in Table 1 .
Model development
Electronic Geographic Information Systems (GIS) data was used to develop the hydraulic water network model of the TBK WDS in Bentley commercial hydraulic package (Water GEMS) ( Figure 1 ). The tanks were incorporated into the model, and their locations were defined using the GIS information.
The Hydraulic Retention Time (HRTs) of water in a distribution system at different sampling locations (Table 1) can be determined from the hydraulic model.
To develop a WQNM into EPANET-MSX (MultiSpecies Extension) which is a software tool recently added in Water GEMS, one approach can be based on complex decomposition reactions proposed by Vikesland et al. (2001) and Duirk et al. (2005) . In this approach, all the reaction rates and equilibrium constants are at constant temperature of T=25°C. To develop a new approach for WQNM, the chloramine decay equations have to be applied in EPANET-MSX. Since a significant loss of chloramine happens in the first few minutes of contact time with NOM, chloramine decay was assumed to be described by the sum of two first-order equations, in which the first part describes a rapid decay and the second simulates a slower decay.
(1)
Water e-Journal Online journal of the Australian Water Association In this equation, k 1 and k 2 are rate constants for the fast and slow reactions, respectively. It is known that increasing the SUVA and F m as chemical and microbiological effects may result in a greater monochloramine decay rate (Hua et al., 2015 , Sathasivan et al., 2005 . Therefore, it was assumed that the monochloramine demand after two days for water samples from TB WDS can be expressed by chemical (SUVA) and microbiological (F m ) parameters (Moradi et al., 2017) . It is also assumed that the chemical and microbiological factors are increased with a constant rate over the time.
(2) 
RESULTS AND DISCUSSION
The values of initial monochloramine residual, chemical, and microbiological parameters at some sampling locations were required to run the model. Table 2 presents the averaged value of water quality parameters for raw and treated (before disinfection) water samples from TBK water treatment plant.
A multi-response regression determinant criterion method was programmed in MATLAB 8.5 to calibrate the WQNM with optimal parameters that best matched simulations with the 70% of experimental data based on minimisation of the sum of the square of differences between the experimental data and the estimated values. The model parameters determined via nonlinear regression analysis based on 70% of water samples from TBK WDS that is sourced from Murray River are shown in Table 3 . In order to check whether calculated model parameters (presented in Table 3 ) can estimate monochloramine residual in the network based on surrogate chemical and microbiological parameters for water samples from TBK WDS that were not included in parameter optimisation, the experimentally measured and estimated monochloramine residual at different HRTs, collected at summer 2014, from TBK WDS are compared (as shown in Figure 2 ). As figure 2 shows, the new WQNM can estimate monochloramine residual at different sampling locations (with different HRTs) through the water distribution system, and the difference between measured and estimated monochloramine residuals is lower at sites with longer residence times. However, the WQNM which is based on monochloramine decomposition reactions can also estimate the monochloramine residual at different sampling locations within TBK WDS when the temperature would be around 25°C. It should be noted that in the new WQNM approach, the temperature effects have been taken into account indirectly via Fm value. In other words, the Fm value can reflect the effects of temperature in monochloramine residual estimation because its value would be higher during summer seasons (with higher temperature) than winter seasons due to the increased microbiological activities.
The main advantage for the proposed WQNM in comparison with the WQNM which is based on monochloramine decomposition reactions are presented in Figure 3 . Figure 3 represents how these two different approaches would estimate the monochloramine residual in a sampling location that experienced nitrification (Raukkan customer tap) in TB WDS during different months of the year with two different water
As figure 2 shows, the new WQNM can estimate monochloramine residual at different sampling locations (with different HRTs) through the water distribution system, and the difference between measured and estimated monochloramine residuals is lower at sites with longer residence times. However, the WQNM which is based on monochloramine decomposition reactions can also estimate the monochloramine residual at different sampling locations within TBK WDS when the temperature would be around 25°C. It should be noted that in the new WQNM approach, the temperature effects have been taken into account indirectly via F m value. In other words, the F m value can reflect the effects of temperature in monochloramine residual estimation because its value would be higher during summer seasons (with higher temperature) than winter seasons due to the increased microbiological activities.
The main advantage for the proposed WQNM in comparison with the WQNM which is based on monochloramine decomposition reactions are presented in Figure 3 . Figure 3 represents how these two different approaches would estimate the monochloramine residual in a sampling location that experienced nitrification (Raukkan customer tap) in TB WDS during different months of the year with two different water supply patterns.
As it can be seen from Figure 3 , since the microbiological effects have not been considered in the WQNM which is based on monochloramine decomposition reactions, the estimated monochloramine residual in nitrified locations would be higher compared to measured monochloramine residual in those sampling locations. On the contrary, the estimated monochloramine residuals in this sampling location via the new WQNM approach that considers the microbiological effects (F m ) are quite closer to the measured values. Therefore, it seems this approach can be helpful in recognition of nitrified locations within the water distribution systems. 
CONCLUSION
This study was conducted to derive a new WQNM to estimate monochloramine residual using chemical and microbiological parameters that impact on chloramine decay rate. To test the validity and applicability of this model, new sets of data from TBK WDS in South Australia were analysed and compared to the estimated values. Validation results showed that there were no significant differences and the errors of prediction were low between the observed and the estimated data (Figures 2, and 3 ). In addition, the model could be used as a guide in decision making to choose the appropriate strategies to reduce monochloramine consumption
This study was conducted to derive a new WQNM to estimate monochloramine residual using chemical and microbiological parameters that impact on chloramine decay rate. To test the validity and applicability of this model, new sets of data from TBK WDS in South Australia were analysed and compared to the estimated values. Validation results showed that there were no significant differences and the errors of prediction were low between the observed and the estimated data ( Figures 2, and 3 ). In addition, the model could be used as a guide in decision making to choose the appropriate strategies to reduce monochloramine consumption and improve the disinfection process particularly to avoid nitrification. 
